Rise in intestinal glucose increases GLP-1 secretion by enteroendocrine L cells. GLP-1, in turn, stimulates insulin secretion. Farnesoid X Receptor (FXR) represses this pathway by manipulating the L cell glycolysis, thus reducing insulin-and GLP-1 secretion. The mechanism by which FXR manipulates the L cell glycolysis is unclear.
Introduction
Enteroendocrine L cells are chemosensors situated in the epithelium of the human intestine, characterized mainly by their ability to release the hormones glucagon-like peptides 1 and 2 (GLP-1 and -2) 1,2 , and additionally, peptide YY and insulin-like peptide 5 2,3 . L cells have been shown to sense bile acids 4 , monosaccharaides 1 , fatty acids 5 and possibly microbial metabolic products 6 . L cell hormones are secreted in response to changes in the intestinal microenvironment. GLP-1 secretion specifically has been linked to increased concentrations of glucose 1 and long chain fatty acids 5 .
Multiple organs are affected by the pleiotropic effects of GLP-1 when secreted 7, 8 .
Increased glucose uptake and appetite regulation has been shown, but of utmost importance is GLP-1's incretin effect, in which insulin secretion is amplified by the activation of GLP-1 receptors on pancreatic β cells 7, 8 . A reduction in the strength of the incretin effect has pathological implications, as seen in type 2 diabetes (T2D), where a decrease in meal-induced GLP-1 secretion can, in part, explain the disease hallmark of insufficient insulin secretion 8,9 . The mechanism by which L cells intracellularly translate increased glucose concentration (glucose-sensing) into GLP-1 secretion is not yet fully understood. But with the growing interest in GLP-1 pharmacotherapy 7,10 , the mechanism is of considerable interest. In T2D, for an example, the incretin effect and glucose-lowering property of GLP-1 are used to increase insulin secretion and normalize hyperglycemia 7 . This is most commonly done using GLP-1 receptor agonists that target pancreatic b cells and stimulate insulin production 7, 10 . However, by delineating the mechanism that links glucose-sensing and GLP-1 secretion, innovative approaches may be discovered. In this regard, Trabelsi glycolytic ATP production 11 . FXR is activated by bile acids 11, 12 , and it was furthermore presented how the sequestration of bile acids could prevent FXR activation, consequently improving GLP-1 secretion. Trabelsi In this study, we want to identify key proteins in L cells that link glucose-sensing to GLP-1 secretion. Protein products of most genes carry out their function in concert through physical interactions 14 . We therefore use the physical interaction neighbourhood of proteins (in terms of millions of experimentally derived pairwise interactions) to add context to the gene expression changes we observe in L cells, and thus filter noise 15 . For the latter, we use the publicly available GLUTag 13 L cell line microarray gene expression data from Trabelsi et al. 11 . It is a dual-condition data set, where FXR is either activated (FXR-activated) or not (control). Genes with expression differences between the conditions are possible targets of FXR, and since active FXR represses GLP-1 secretion via the glycolysis, those genes may link glucose-sensing to GLP-1 secretion.
By integrating L cell gene expression data with a recently published human physical protein-protein interactome, InWeb_IM 16 , we first create an L cell-specific interactome and subsequently list and rank its protein complexes. Such complexes are strong predictors of functional association between proteins 17 . It is advantageous to work with protein complexes rather than hand-curated pathways, as complexes can be overlapping 18 and cell-or tissue specific 19 , thus depicting the flexibility of interacting proteins more accurately. Moreover, protein interactions are often derived experimentally in large screens, making it possible to incorporate entirely novel Niss and Brunak Manuscript 4 components in already described pathways. The relative expression of the protein units in a complex, its stoichiometry, can then be used to assess the activity of each protein complex. High gene co-expression, which infers a balanced protein complex stoichiometry, is an indicator of activity or importance [19] [20] [21] [22] [23] . Using a rigorous and untargeted selection scheme, we identify the most robustly co-expressed protein complexes and thus those that are the most active in a specific context. Disruption or gain in activity between FXR-activated-and control L cells consequently map protein complexes that are affected by FXR activation.
We reveal that active FXR is not repressing the glycolysis as a whole, since the glycolysis show high activity in FXR-activated L cells. Instead, we present how active FXR exclusively targets the glycolytic enzyme liver-type pyruvate kinase (PKLR), hereby provoking decreased glycolytic activity and reduced GLP-1 secretion.
Methods

Microarray GLUTag L cell line gene expression data
The expression data used, stem from the Trablsi et al. study 11 and was downloaded from ArrayExpress (id: E-MTAB-2199). It consists of four control L cell samples and four GW4064-treated L cell samples. GW4064 is a FXR agonist and activator.
Preprocessing was done using the R package Limma 24 by following the Limma manual's Agilent microarray example. ENMUST annotations were mapped to human UniProt annotations using the functions gorth and gconvert from gProfileR 25 .
The L cell specific interactome and repertoire of protein complexes
Niss and Brunak Manuscript 5 We applied the method described in Pedersen et al. 19 to construct the protein interactome and protein complex repertoire. To make the complexes, two complementary clustering methods were used: spoke complex construction 20 Figure S2 ). Finally, we reduced the protein complexes to a set of 1,221 after size limits were applied and highly overlapping complexes were merged.
Protein complex co-expression score
To calculate the co-expression of two arbitrary proteins, we used an approach described previously [19] [20] [21] [22] 26 . If proteins x and y were present in the same protein complex and had a physical interaction according to InWeb_IM, we calculated the gene expression correlation between protein x and y using the Pearson's correlation coefficient (PCC xy ):
where 3 is the number of samples and ' is the expression value of protein x in sample k. Similarly, ' is the expression value of protein y in sample k. For each protein complex, we then aggregate the pairwise PCC values into a co-expression score using a weighted average (see supplementary materials). We weigh each PCC value on the confidence score of the protein-protein interaction and the signal-to-noise ratio of the correlation (see the section below regarding the signal-to-noise ratio and supplementary materials regarding the co-expression score).
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The signal-to-noise ratio Gene expression correlation is a quantification of how similar the between-sample variation of two genes are. We assess, if a pair of genes is highly-and lowly expressed in the same samples. However, the between-sample variation that we observe is not only due to biological effects, but also due to measurement noise 27 . To differentiate between correlations based on mainly measurement noise and correlations based on biological effects, we calculated a signal-to-noise ratio (SNR) for each correlation. The majority of gene expression fluctuation is due to measurement noise, and the noise level is dependent on each genes' mean expression level 27 . We modeled the measurement noise of our expression data using a simple linear regression model, calculating the square root of the standard deviation (SD) dependent on the average gene expression ( Figure S3 , black line):
where is the average gene expression. We found: a = -0.01149 and b = 0.52252.
The estimated measurement noise of gene k ( ' ) can then be calculated as:
where ' is the average expression value for gene k. The amount of biological signal for gene k ( ' ) can then be calculated as:
where ' is the standard deviation of gene k. If ' is less than zero, we set it to zero before calculating the SNR of gene k:
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The SNR of the correlation between gene k and gene j ( IJJ KL ) is:
To calculate the SNR for a whole protein complex ( NOPQRS# ):
where WXY is the number of interactions and IJJ TUV is the SNR for a correlation between two proteins that have a physical interaction ( ) in the complex.
Hierarchical clustering
Clustering of the protein complexes was done by first calculating the average shortest path between the proteins of all complex-pairs using the networkx Python package 28 , and then hierarchically cluster the complexes using the R function hclust.
Permutation test: Significant complex co-expression score relative to random protein complexes
For each protein complex, a permutation test asked, if co-expression scores higher than or equal to the observed L cell co-expression score could occur in a random background of 10,000 co-expression scores. Random co-expression scores were calculated by assigning random expression values from our expression data to the complex in question, and recalculating the co-expression score. The number of times Niss and Brunak Manuscript 8 a random co-expression score was higher than or equal to the observed score divided by 10,000 was then assigned as the p-value. Finally, multiple-testing p-value adjustment of Benjamin-Hochberg 5% False Discovery Rate was applied.
Permutation test: Significant co-expression between the glycolytic enzymes and PKLR relative to a random protein
The following was done for each L cell state. The average correlation between PKLR and the other glycolytic enzymes in L cells was calculated using Pearson's correlation coefficient (PCC). A permutation test was then used to ask, if scores higher than or equal to the observed average correlation could occur in a random background of 100,000 average correlations. Random average correlations were calculated by assigning random expression values to PKLR for each calculation, keeping the observed values for each glycolytic enzyme, calculating the PCC and finally taking the average. The number of times a random average correlation was higher than or equal to the observed value divided by 100,000 was then assigned as p-value.
Gene ontology enrichment analysis
Gene ontology (GO) analysis was performed using the gProfileR Bioconductor R package 25 . The proteins of the L cell interactome were used as custom background, a strong hierarchical filtering was enforced and only the enrichment of GO biological processes was calculated.
Differential expression analysis
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We used the Limma framework 24 for normalization (quantile, scale, cyclicloess and none) and as one of the chosen approaches of differential expression analysis. As the second differential expression approach, we used the build-in R function for the Welch Two Sample t-test.
Results
L cell-specific interactome and protein complexes
To construct a repertoire of L cell-specific protein complexes, we first created an L cellspecific protein interactome by removing all proteins that were not expressed in the GLUTag L cell microarray data from the protein-protein interactome InWeb_IM 16 . We hereafter computationally decomposed the L cell interactome into 1,221 overlapping protein complexes using a modified version of the method described by Pedersen et al. 19 , where the complex size limits were changed (>= 3 and <= 25) to better reflect the distribution of mammalian protein complexes (Figure S2) .
After protein complex repertoire construction, we calculated complex-by-complex coexpression scores, which was done separately for FXR-activated and control L cells.
For each physical protein-protein interaction in a complex, we obtained the protein pair co-expression by calculating the absolute Pearson's correlation coefficient (PCC) using the expression values of the genes that encode the proteins. Subsequently, we aggregated the absolute PCC values of each protein complex into a complex-specific co-expression score by calculating the weighted-average of the absolute PCC values.
Untargeted selection of active protein complexes
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We searched for the presence of protein complexes with very high co-expression scores, i.e. activity, in FXR-activated or control L cells. Initially, we visualized the coexpression score distributions of the two conditions (Figure 1A-B ). This showed that both conditions had similarly shaped distributions with considerable right tails ( Figure   1A-B, asterisks) . Moreover, the tails contained protein complexes with co-expression scores that were exceedingly higher than the random background co-expression level (Figure 1, black distributions) .
We therefore tested the statistical significance of all protein complex co-expression scores in both conditions, using a permutation test (10,000 iterations, applying 5%
FDR p-value adjustment). This revealed that 7 and 14 complexes showed significant co-expression scores in, respectively, control L cells (Figure 2B, red bars) and FXRactivated L cells (Figure 2D, red bars) . To ensure that the significantly co-expressed protein complexes in each condition were concurrently based on strong gene expression variation, we calculated the average signal-to-noise ratio (SNR) of the PCC values in each complex, hence termed complex SNR (Figure 2C and 2E) . Having a high protein complex SNR signifies that the complex primarily contains PCC values that have been calculated using above-noise between-sample variation. Complexes with high SNR hereby have a higher likelihood of being controlled by a strong biological effect.
Figure 2
is a comprehensive overview of the co-expression scores and SNR's for all protein complexes in both conditions. From this overview, it was clear that complex "merged-789" stood particularly out in control L cells (Figure 2C, asterisk) . Complex "merged-602", complex 935 and, appearing in both conditions, complex "merged-789" stood out in FXR-activated L cells (Figure 2E, asterisks) . These protein complexes Niss and Brunak Manuscript 11 both had significant co-expression scores and particularly high SNRs, inferring activity.
Network visualizations and gene ontology analyses of complex "merged-602" and -935 can be seen in Figure S4 .
Complex "merged-789" depicts an active glycolysis in FXR-activated L cells, supported by DE analysis
Complex "merged-789" arose from our analysis as the most intriguing protein complex.
It had, as the only complex, a significant co-expression score in both states (control p- Yet, evidence of this mechanism is not observed in our analysis. Instead, we find the glycolytic enzymes of protein complex "merged-789" meticulously co-expressed ( Figure 3A , PCC > 0.9). If we broaden the view to encompass the complete glycolysis ( Figure 3B-C) , we find almost every glycolytic enzyme co-expressed (PCC >= 0.9).
These observations indicate an active pathway.
Investigating this contradiction, we thoroughly redid the differential expression (DE) analysis between FXR-activated and control L cells that prompted Trabelsi et al. to make their "glycolytic repression" proposal. We performed the DE analysis using sixteen different strategies, which were permutations of: two gene subsets, two variants of statistical tests and four types of between-sample normalizations ( Figure   S5 ). We found no significantly differentially expressed genes (p-value < 0.05) related to the GO term "canonical glycolysis", independent of applied strategy (Figure 3D and S5A-H). We therefore find evidence of an, on the whole, transcriptionally active glycolysis in FXR-activated L cells.
PKLR is affected by the activation of FXR and is likely causing the glycolytic repression
However, as the decrease in glycolytic ATP production following FXR activation is still evident, a mechanism must link the glycolysis to FXR. In FXR-activated L cells, three glycolytic enzymes show deviating expression patterns from the overall glycolytic coexpression pattern: ALDOB, ENO3 and PKLR (Figure 3C) . Reduction in coexpression is a predictor of reduced functional activity [19] [20] [21] [22] [23] , which may cause the glycolytic repression. However, the reduced co-expression of ALDOB and ENO3 likely has no functional impact, as correspondingly ALDOA and ENO1-2, can catalyze the same glycolytic steps (Figure 3C, right) . Furthermore, the subordinate roles of ALDOB and ENO3 is underlined by their low expression levels (Figure 3E-F) . PKLR, on the contrary, single-handedly catalyze step 10 of the glycolysis (Figure 3C, right) .
This makes PKLR an essential glycolytic enzyme, and its deviating expression pattern may have a functional impact.
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In Figure 4A , we have visualized the expression patterns of the glycolytic enzymes in FXR-activated L cells. Here, PKLR shows a deviating pattern (Figure 4A, red line) .
By calculating the average correlation (avg. PCC) between PKLR and the other glycolytic enzymes in both FXR-activated-and control L cells, and hereafter quantifying the difference, we find a 42% decrease in correlation (Avg. PCC:
control=0.57 and FXR-activated=0.33). Thus, PKLR becomes less co-expressed with the glycolysis after FXR is activated. Figure 4B shows the difference in correlation between PKLR and each glycolytic enzyme in FXR-activated-and control L cells as a bar plot, while Figure 4C shows the correlations in both conditions as a heat map.
We furthermore asked, if the average correlation between PKLR and the other glycolytic enzymes was significant in FXR-activated or control L cells (permutation test, 100,000 iterations). The average PKLR correlation turned out to be very significant in control L cells (p-value 0.00011), while a lower confidence was seen in FXR-activated L cells (p-value 0.01810). We believe that these findings are indications of an FXRdriven disruption of PKLR's gene expression. As PKLR has a key bottleneck position, where the regulation of PKLR can regulate the glycolysis globally, the reduction in glycolytic ATP production may be due to PKLR gene expression regulation exclusively.
We have formulated our hypothesized regulation of the glycolysis by active FXR via PKLR in a schematic in Figure 4D .
Our PKLR hypothesis is further strengthened due to the fact that an identical mechanism has been observed in another cell line. A study by Caron et al. 29 showed that active FXR physically blocks glucose-induced transcription factor ChREBP in immortalized human hepatocytes (IHH), such that ChREBP in turn cannot induce the expression of PKLR specifically, when the concentration of glucose rises. The blocked PKLR expression hereby repressed glycolysis as a whole. Their observations in IHH are in alignment with our findings in L cells. Given the high conservation of protein function, even between distant species 30 , we find it probable that the same protein, regulating the same pathway, does this by a similar mechanism, even though the cell types in the two studies are different.
Discussion
Trabelsi et al. 11 showed that activation of FXR in L cells causes a reduction in glycolytic ATP production. They furthermore suggested that a decrease in transcription of multiple glycolytic enzymes in L cells were the cause of the reduced ATP production.
In this study, we argue that FXR is not causing a decrease in transcription of multiple glycolytic enzymes. Instead, we find that FXR is causing the reduced glycolytic ATP production by targeting the glycolytic enzyme PKLR exclusively.
In an untargeted manner, we first identified the protein complex "merged-789" as significantly co-expressed, i.e. active, in FXR-activated L cells and control. The complex consisted of glycolytic enzymes, and we furthermore showed how the glycolysis as a whole was co-expressed as well. These findings indicated that the of enzymes related to the glycolysis. Collectively, the glycolysis displays significant co-expression and show no differential expression, suggesting that the glycolysis is predominantly unaffected by the activation of FXR.
However, the observation of reduced glycolytic ATP production in L cells with activated FXR remains unchanged 11 . Since FXR is not decreasing the expression of the glycolysis as a whole, another mechanism must exist. Looking for this mechanism, we went through glycolytic enzymes that showed deviating expression patterns. In this process, we found PKLR to stand out. PKLR, as the only essential enzyme, showed a decrease in co-expression with the other glycolytic enzymes in FXR-activated L cells relative to control. A decrease in co-expression suggests a decrease in activity [19] [20] [21] [22] [23] .
Furthermore, due to PKLR's position in the glycolysis as the final enzyme, it may act as a bottleneck, reducing glycolytic activity altogether. We therefore hypothesised that PKLR is an indirect or direct target of FXR.
Turning to the literature, we looked for other studies mentioning FXR and PKLR.
Interestingly, a study by Caron et al. in human hepatocytes studied PKLR during active FXR, and specifically found PKLR unresponsive to increasing glucose concentration.
They suggest that FXR inhibits PKLR expression by blocking the transcription factor
ChREBP. Despite the difference in cell type and organism, FXR's mode-of-action is likely the same, as protein function in general is highly conserved 30, 31 . Our results and the Caron et al. findings can thus be seen as supportive evidence. We therefore find that PKLR is the most likely target of active FXR given the evidence available, and we suggest it causes the reduction in glycolytic ATP production ( Figure 4D) .
The glycolysis is deeply important in L cell biology, as the secretion of the insulinstimulating hormone, GLP-1, is dependent on glycolytic activity 32 
Figure legends
